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Abstract: This article explores the importance of game AI training as a significant interdisciplinary domain at the 

intersection of computer science and artificial intelligence, with particular emphasis on its central role in reinforcement 

learning research. Game AI training not only represents a prominent topic in technical practice but also serves as a critical 

testbed for driving innovation in artificial intelligence theory and methodology. Currently, the practical implementation of 

game AI training faces numerous challenges, including the dual pressures of ethical considerations and technological 

innovation. These challenges necessitate in-depth investigation of key technical issues in game AI training, such as precise 

analysis of coefficients and delayed feedback, effective exploration of high-dimensional state spaces and complex action 

spaces, and improvement of policy learning robustness in unstable environments. In response to these challenges, this 

paper proposes an innovative solution grounded in recent advances in deep reinforcement learning. By integrating the 

complementary strengths of reinforcement learning and deep learning, we construct a foundational deep reinforcement 

learning framework incorporating an attention mechanism. This framework is designed to address collective intelligence 

problems in complex environments by intelligently allocating attention resources, thereby enhancing the decision-making 

efficiency and accuracy of AI systems when processing massive information streams and operating within dynamic 

environments. This study not only offers a novel technical pathway for game AI training but also provides theoretical 

support and practical guidance for the broader application of artificial intelligence across diverse domains. 
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1. INTRODUCTION 
 

The definition of game artificial intelligence (AI) training has shown a relatively broad and evolving trend in both 

academia and industry. This field aims to endow the gaming environment with an appropriate level of intelligence 

through advanced computer science and artificial intelligence technology, thereby making the gaming experience 

more realistic, fun, and significantly enhancing its challenge. In short, game AI is a comprehensive reflection of 

this series of technologies and applications, which profoundly affects every aspect of game design, development, 

and player interaction. Within the overall framework of game AI, there are two distinct yet complementary 

implementation paths. Firstly, we are exploring AI based on Finite State Machine (FSM) or Behavior Tree (BT) 

features. The design concept of this type of AI is relatively intuitive and easy to control, with its core being to 

decompose complex game behavior into a series of predictable state transitions or decision nodes. Finite state 

machines achieve the basic logical judgment and action selection of AI roles by defining different states and their 

transition conditions; The behavior tree is further refined on this basis, organizing and managing more complex 

decision logic and behavior sequences through a tree like structure. Both methods allow developers to accurately 

anticipate and analyze AI behavior, thereby achieving a high degree of controllability and consistency in game 

design. However, with the increasing complexity of the gaming world and the growing demands of players, AI 

relying solely on finite state machines or behavior trees is no longer sufficient to meet the needs of all scenarios. So, 

another type of AI based on neural networks emerged, becoming another important direction for the development 

of gaming AI. This type of AI simulates the working mechanism of human brain neurons, optimizes the neural 

network structure using genetic algorithms, and combines a large amount of data calculation and analysis to 

generate highly adaptive and learning capable non qualitative AI. Compared to the former, AI based on neural 

networks is more difficult to predict and analyze in terms of behavioral performance, as they can adjust strategies 

in real-time according to changes in the gaming environment, and even demonstrate a certain degree of "creative" 

thinking. This uncertainty not only adds more surprises and challenges to the game, but also greatly enriches the 

player's gaming experience. It is worth noting that these two types of AI do not exist in isolation, but can be 

flexibly combined in game design to achieve optimal results. For example, in certain scenarios that require highly 

precise control, AI based on finite state machines or behavior trees can be used to ensure the stability and 

predictability of the game; In situations where it is necessary to showcase the complex emotions, personalities, or 

strategic depth of AI characters, it is more inclined to use neural network-based AI to enhance the realism and 
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immersion of the game. In summary, game artificial intelligence training, as a bridge connecting technology and 

art, is constantly driving innovation and development in the gaming industry. Through in-depth exploration of the 

integration and application of different technological paths such as finite state machines, behavior trees, and neural 

networks, we have reason to believe that the future gaming world will be more diverse and engaging, bringing 

players unprecedented gaming experiences.  

 

Zhao, Xu, Zhu, Liang, Zhang, and Jiang (2025) proposed a hybrid CNN-Bi-GRU model for both short- and 

long-term electricity demand forecasting, demonstrating enhanced predictive accuracy for grid management [1]. 

Similarly, deep learning architectures have been refined for computer vision tasks; Liu, Wang, and Liang (2025) 

introduced MiM-UNet, an efficient building image segmentation network that integrates state space models to 

improve segmentation precision [2], while Tian, Wang, and Cui (2024) enhanced U-Net for brain tumor 

segmentation by incorporating GSConv modules and ECA attention mechanisms to better capture spatial features 

[9]. Beyond imagery, Yin, Xu, Xie, Luo, Wei, and Li (2024) utilized deep learning frameworks to automate crystal 

system classification in lithium-ion batteries, accelerating material characterization processes [3]. The intersection 

of machine learning and financial technology has also garnered significant attention. Li and Liu (2023) 

investigated portfolio optimization strategies leveraging Long Short-Term Memory (LSTM) forecasting models to 

enhance investment decisions [13], while Shen, along with various co-authors (2025), applied the Whale 

Optimization Algorithm to improve the detection accuracy and efficiency of financial payment fraud systems [8]. 

Furthermore, Yang, Zheng, and Lu (2025) constructed multi-dimensional network credit risk maps by integrating 

Graph Neural Networks (GNN) to provide early warnings for transaction anomalies [7], and Zhao, Lin, Yang, Lu, 

Xue, and Jiang (2025) focused on the optimization of deep learning models specifically tailored for predicting 

dynamic market behaviors [6]. In the context of natural language processing and system interaction, Ren (2024) 

developed a Semantic Transformation Network that employs contrastive learning and attention mechanisms to 

significantly improve the quality of automated dialogue summarization [5], and Sun (2025) proposed a machine 

learning approach for creating adaptive interfaces that personalize user experiences based on behavioral data [12]. 

The broader implications of these technologies extend into security and privacy. Xu, Wang, Chen, and Shen (2025) 

provided a comprehensive analysis of adversarial machine learning, detailing both attack vectors and 

corresponding defense strategies within cybersecurity frameworks [14], while Deng and Yang (2025) focused on 

multi-layer defense strategies and privacy-preserving enhancements to counter membership inference attacks 

within federated learning environments [10]. Ge (2024) offered a critical perspective on the socio-political 

dimensions of these advancements, unraveling the politics governing the deployment of technology in peace and 

conflict scenarios [4]. Additionally, Tang, Kojima, Gotoda, Nishikawa, Hayashi, Koike-Akino, and Klamkin 

(2020) contributed foundational work in photonic device engineering through the design and optimization of 

shallow-angle grating couplers for vertical emission from indium phosphide platforms [11]. 

 

2. ANALYSIS OF THE CURRENT SITUATION OF GAME AI TRAINING BASED 

ON REINFORCEMENT LEARNING AND DEEP LEARNING 
 

In the development of computer learning technology, we can use reinforcement learning theory to design game AI 

that can transform the process of presenting intelligent characters in the entire game into a simple Markov model 

structure. Intelligent characters use their intelligent sensing system or regional environment and their own work 

form, fully combining their own experience, to effectively select and analyze the operational behavior to be 

executed. The main implementation of this behavior affects the game system and realizes the continuous progress 

of the game process. At the same time, feedback analysis and evaluation of the intelligent character's execution 

behavior are often conducted under environmental conditions. For intelligent characters, the main task objective is 

to obtain the optimal feedback state of the environment by obtaining the best behavioral measures. Intelligent 

characters executing this form of operation in the game environment can be structured into a basic Markov chain. 

The best feedback effect obtained after a persistent loop is the main task objective of the current work. The 

traditional machine learning methods are mainly based on low dimensional inputs, and the actual convergence 

effect in this environment is relatively satisfactory. However, with the gradual enhancement of the actual 

performance of different hardware facilities and the innovation of neural network technology itself, there are 

relatively more problems faced by game intelligence, and technical issues are gradually becoming more prominent. 

At present, they mainly focus on the following aspects. 

 

One is that the spatial and motion space technology in high-dimensional modes faces certain bottleneck problems. 

At present, behavioral intelligence technology can only perform simple walking and cannot achieve effective 

prediction, judgment, decision-making, and other complex behavioral patterns. Secondly, the feedback in the 

game is relatively sparse, and there is also a certain degree of delay effect. The entire game mode and process are 
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difficult to have a direct impact on the environment in special circumstances, making the training and analysis of 

intelligent objects even more difficult. In response to the emergence of such problems, neural network pattern 

optimization has become the main measure for adjusting high-dimensional action space management technology, 

and reinforcement learning provides a potential response path for feedback coefficients and delays. The intelligent 

operation mode can establish a communication efficient management mode or share relevant parameters for 

unstable environments, thereby achieving the best response. 

 

3. BASIC ANALYSIS OF GAME AI TRAINING EXPERIMENTS USING 

REINFORCEMENT LEARNING AND DEEP REINFORCEMENT LEARNING 
 

Reinforcement learning mainly regards the interaction between the entire intelligent agent and the environment as 

the overall core problem, and constructs the maximum cumulative reward method through selective behavior 

analysis, so as to continuously implement learning optimization measures and form the best work sequence from it. 

It is possible to use reinforcement learning in a game environment to obtain a strategic approach for AI behavior in 

the entire complex environment based on reward based training. This introduces the reinforcement learning mode 

of the primary system. 

 

The construction of deep reinforcement learning mainly combines the reinforcement learning ability foundation 

formed by deep learning, which can demonstrate the best working effect in many environmental situations. 

However, in the process of facing length decision problems, it often presents poor performance. Based on the 

theories of deep reinforcement learning, multi-agent systems, reinforcement layering, and attention mechanisms, 

we aim to innovate the working mode. Reinforcement learning is the process of constructing a Kolmogorov chain 

for the decision definition of a single agent based on a comprehensive observation system. The implementation of 

this process is mainly formed by constructing a tuple structure. In a special practical environment, the intelligent 

agent is always in a stable state environment, and through the time limit of policy execution actions, it obtains 

environmental feedback rewards and gains. At the same time, according to the structural form of the transition 

equation, it enters the next state mode. For Markov chains built around intelligent individuals, define reward 

feedback effects with loss coefficients in the environment and define action values. By maximizing the numerical 

response, we can obtain an optimal decision strategy result, so the optimal strategy function value used is constant. 

In the process of reinforcement learning, there is no fixed Markov process, and the agent needs to learn the optimal 

strategy through interaction with the environment. The widely used measure in various current environments is the 

combination of deep learning, which estimates the core numerical function through backup iteration. 

 

The research and development in the field of functions has been relatively rapid, thanks to the research, analysis, 

and breakthrough presentation of deep neural network data. Combined with deep neural networks, some 

high-dimensional data can be directly transmitted and processed. The operation method of approximating 

equations with these constructed functions is included in it. At present, the Deep Q-Learning (DQN) we mentioned 

is a widely accepted processing method and approach, which has been widely used in different domain 

environments, including Go, Atari games, and so on. The most specific presentation method is to extract certain 

empirical elements from memory in the first iteration environment to update and transmit their parameter 

information. During the update process, the minimum loss function equation is used to ensure the best working 

effect. The experience memory adopts the most advanced queue representation form, in which the intelligent 

exploration strategy and experience tuple content data stored can support the stable progress of later operations. 

The speed and frequency of updating the relevant network parameters of the target in this form are relatively low, 

and the experience replay learning mechanism combined with it is constructed into a stable Deep Q-Learning 

relationship. 

 

In order to better address the problem of not achieving optimal work results in feedback reward coefficients or 

delayed environments, a reinforcement learning mode is constructed by using a specialized framework structure 

such as a system. This framework is defined in each time environment, and the intelligent experience selects a 

primitive action or measures covering multiple steps for analysis. The implementation of each strategy involves 

different original actions or other strategic means, while completing the progress of work tasks based on random 

function information. Therefore, we will extend the traditional Markov policy process into a semi Markov 

decision-making process to address sparse feedback and delayed feedback to various problems. 

 

By combining the training analysis of multiple agents, an independent network baseline training method can be 

constructed in the existing environment, and a network environment can be built separately for each intelligent 

object, placing multiple intelligent objects together to complete the training operation. In this context, by analyzing 
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the communication protocol of intelligent objects, it is possible to enable them to share some of the observation 

information data, achieving the goal of accurate decision-making. Perform feature analysis and extraction in 

convolutional neural networks, then analyze and judge intelligent objects, achieve intelligence data sharing 

through communication center analysis and judgment, and achieve efficient processing of attention mechanisms. 

At present, in order to analyze the research and analysis of intelligent objects in action games under deep 

reinforcement learning methods, we can integrate the working characteristics of small input in the upper layer 

structure, use it as the visual field of intelligent objects for image transmission feedback, and then perform feature 

extraction analysis of convolutional networks. The extracted feature data information is shared and analyzed 

towards intelligent objects through the construction of communication centers, and then the entire data information 

is transmitted to the main operation structure for weighting and tracking analysis. After transferring to network 

training mode, multiple practical planning target structures will appear. The input of the lower level structure is 

mostly based on the perspective of intelligent objects and the planning objectives formed by the upper level 

structure. It mainly involves training and analyzing the network to input relevant execution actions, which are then 

handed over to the intelligent objects of the game for execution, achieving integration with the environment and 

ultimately building task objectives. This process continuously completes training operations, with the ultimate 

goal of achieving optimal collaborative processing and optimal working mode strategies under policy parameters 

through analysis. 

 

4. IMPLEMENTATION OF GAME AI TRAINING BASED ON REINFORCEMENT 

LEARNING AND DEEP REINFORCEMENT LEARNING 
 

In order to achieve the work objectives of each subtask, it is necessary to accelerate the analysis and processing of 

different subtasks, so as to truly complete the relevant task content. In the reinforcement learning task objective 

based on random neural networks, a general skill approach in the environment is pre learned using random neural 

networks. At the same time, different skill approaches are adjusted for the implementation and promotion of each 

task training, as well as individual strategy measures. In this proposed reinforcement learning model, a dual layer 

structure of workers and managers is designed. Workers use the relevant requirements and transfer results of each 

step as the transfer result task objective of managers. Due to the prominent practical nature of managers, the 

exploration direction and ability of agents are comprehensively improved and optimized. 

 

Reinforcement learning has significant advantages in complex game design environments. Due to the influence of 

environment specific long sequences, reward coefficients, and other characteristics in the construction of different 

platform environments, traditional reinforcement learning methods themselves cannot achieve the best results 

among game subjects. In addition, some games such as mazes and ant search for items also require special design 

analysis to achieve the best results due to the high complexity of different scene environments. However, the 

method of implementing reinforcement learning through hierarchy requires the construction of separate sub 

objectives in the context of task decomposition, and based on a hierarchical reward analysis. This can greatly 

optimize and improve learning effectiveness, implement control measures, and achieve the best task level. 

Therefore, reinforcement learning method is to design complex games through learning, thereby forming potential 

optimization response methods. 

 

Although reinforcement learning can effectively address the core problem of decision-making in the current 

working mode, this structural form mostly requires strategy training methods, with relatively low sample 

utilization efficiency and high practical difficulty in training. In this context, combining reinforcement learning 

with alternative strategy training and implementing alternative strategy correction methods to replace sub target 

structures in the sample through maximum estimation analysis. The analysis of the experimental results shows that 

the basic algorithm performs better than traditional algorithm structures. However, traditional algorithms use 

random sampling methods to seek an approximate replacement for the calculation of sub targets. This approach 

cannot effectively restrict and affect the sub target space, and sub targets can still choose a meaningless or non 

directly implementable method, resulting in unstable working effects due to the problems existing in lower level 

learning. 

 

With the development and optimization of industrial structure, the working mechanism and behavioral 

environment of games have become more realistic and diverse. In many environments, complex behaviors need to 

be designed to achieve interactive analysis between AI games. This level of technology greatly affects the quality 

of game products themselves and the gaming experience of users. The design of such AI games is often 

time-consuming and labor-intensive, posing a huge challenge for game developers. This invention is based on 

reinforcement learning methods and decomposes the existing behavioral means of artificial intelligence and 
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environmental interaction into a series of small task target themes. In the process of constructing the Q-table, 

accelerate the innovation of task goal construction to ensure the orderly completion of various tasks. 

 

5. CONCLUSION 
 

In order to achieve analysis of complex environments and effective judgment of complex behavioral 

decision-making problems, it is necessary to utilize relevant device engines and plugin information to develop and 

construct AI adversarial intelligent systems. In this context, the framework structure constructed in this article 

itself has distinct advantages. Only by doing a good job in game AI training with reinforcement learning and deep 

reinforcement learning can the best work processing effect be achieved to fully promote the game, reduce the 

direct impact of different hidden problems on game implementation, and improve the game experience. 
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